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ABSTRACT
Objectives: Expert opinion is considered as a legitimate
source of information for decision-analytic modeling where
required data are unavailable. Our objective was to develop
a practical computer-based tool for eliciting expert opinion
about the shape of the uncertainty distribution around indi-
vidual model parameters.
Methods: We ﬁrst developed a prepilot survey with depart-
mental colleagues to test a number of alternative approaches
to eliciting opinions on the shape of the uncertainty distribu-
tion around individual parameters. This information was
used to develop a survey instrument for an applied clinical
example. This involved eliciting opinions from experts to
inform a number of parameters involving Bernoulli processes
in an economic model evaluating DNA testing for families
with a genetic disease, hypertrophic cardiomyopathy. The
experts were cardiologists, clinical geneticists, and laboratory
scientists working with cardiomyopathy patient populations
and DNA testing.
Results: Our initial prepilot work suggested that the more
complex elicitation techniques advocated in the literature
were difﬁcult to use in practice. In contrast, our approach
achieved a reasonable response rate (50%), provided
logical answers, and was generally rated as easy to use
by respondents. The computer software user interface
permitted graphical feedback throughout the elicitation
process. The distributions obtained were incorporated
into the model, enabling the use of probabilistic sensitivity
analysis.
Conclusion: There is clearly a gap in the literature between
theoretical elicitation techniques and tools that can be used in
applied decision-analytic models. The results of this method-
ological study are potentially valuable for other decision
analysts deriving expert opinion.
Keywords: decision model, economic evaluation, expert
opinion, genetic.
Introduction
As the number of economic evaluations in health
care using decision-analytic models increases [1], the
issue of obtaining robust data on model parameters
becomes important. Frequently, not all the required
data can be obtained from observed evidence (random-
ized controlled trial, cohort studies, etc.) or the litera-
ture; therefore, subjective information from experts
(usually clinicians) may be required. A potential and
relatively simple approach is to ask individual clini-
cians to provide parameter estimates based on their
experience, average the estimates from different clini-
cians and then use the lower and upper estimates pro-
vided by the group to represent the variance around
their estimates. Nevertheless, this approach provides
limited information about the distribution of uncer-
tainty surrounding parameters.
Understanding the shape of the distribution of
uncertainty is particularly important in the context of
the increasing use of probabilistic sensitivity analysis
(PSA). Essentially PSA allows uncertainty in individual
parameters to be propagated across a model simulta-
neously to explore the overall uncertainty in cost-
effectiveness results [2]. PSA requires that distributions
be assigned to all model parameters, with these distri-
butions representing the range of values that a given
parameter may take. Recent guidelines from the
National Institute for Health and Clinical Excellence
(NICE) in the UK recommend its routine use in deci-
sion models [3].
Recent decision modeling guidelines provide limited
advice on methods to employ in order to obtain
experts’ opinions and quantify the distribution of
uncertainty around individual estimates. The guide-
lines recommend that elicitation methods should be
clearly documented and suggest that those methods
aiming to reach a consensus (e.g., standard Delphi
approaches) are inappropriate, as they may underesti-
mate true parameter uncertainty [4]. While there is
some debate in the literature over whether to use con-
sensus or individual elicitation methods, there are
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certainly advantages of using the latter, as it is possibly
easier and less costly to conduct and, in probability
judgements, group assessments have been suggested to
lead to overconﬁdent results (i.e., narrow distribu-
tions) compared with individual assessments [5].
To date, there is a largely theoretical literature on
the most appropriate methods to adopt when eliciting
expert opinion (see Garthwaite et al. [6], Kadane and
Wolfson [7], and Cooke [8]). In addition, there are a
few applied studies where expert opinion has been
elicited in other ﬁelds such as radioactive wasting/
contamination [9,10], clinical trials [11], water indus-
try [12], occupational hygiene [13], and micro-
biological risk assessment in food processing [14].
In health-care decision modeling, the few practical
examples where expert opinions have been used
consist of estimating clinical resource use associated
with a speciﬁc health intervention, or using utility
values elicited from clinical experts in the absence of
patient or public preferences [15,16]. Nevertheless,
most documented examples have not used structured
and tested methods to elicit opinions from experts as
probabilistic distributions.
Our study aims to address this gap in available
approaches, by developing a survey using a practical
computer-based tool for eliciting individual expert
opinions about the shape of distributions of single
model parameters. Initially, we tested alternative
approaches for eliciting opinions in prepilot work with
departmental colleagues. We then used the approach
that was reported to be the easiest to complete and the
most accurate representation of their beliefs in an
applied example related to the genetic disease hyper-
trophic cardiomyopathy (HCM). We ﬁrst provide a
brief background to this disease and the decision
problem, and then outline the study methods and
results.
Methods
Hypertrophic Cardiomyopathy and Decision
Problem Background
Hypertrophic cardiomyopathy is a relatively common
genetic condition with a disease prevalence of 1/500
[17,18]. It is deﬁned by unexplained asymmetric thick-
ening of the heart and can lead to sudden cardiac death
(SCD).
Currently, we are undertaking an economic evalu-
ation to assess the long-term costs and effects of alter-
native approaches to diagnosing and managing HCM
for those at risk of SCD. A Markov model [19] is being
used to compare the costs and effects (survival) of a
genetic (DNA) with a nongenetic approach (purely
clinical tests such as electrocardiogram) of diagnosing
HCM within families. Nevertheless, as DNA testing
for HCM is new and only recently starting to be
moved from research into clinical practice, there is
very limited information on several model parameters,
as is common with new technologies.
We identiﬁed eight model parameters (Box 1) where
observational data were not available relating to:
aspects of the natural history of this cardiac disease,
treatment effectiveness and accuracy of the DNA test.
Data on these parameters were lacking for a number of
reasons. For instance, data on the accuracy of the
DNA test in a health service setting are not yet avail-
able, as few patients have undergone testing. In the
absence of observational data, we elicited distributions
from experts for several parameters.
In this section of the article, the various steps of
our empiric study are described. First, we explain
the prepilot where alternative elicitation tools were
assessed. Second, we outline the survey design for our
applied clinical example. Third, information on the
identiﬁcation and selection of experts for this example
is presented. Finally, the techniques used for combining
the individual expert results are explained.
Prepiloting of Elicitation Tool
In line with Cooke [8], an important objective of our
study was to develop an elicitation tool that was clear,
attractive and could be completed reasonably quickly.
A further objective was to provide a framework that
could provide instant graphical feedback so that par-
ticipants could observe the shape of distributions
that they had speciﬁed. Our solution was to build a
questionnaire in Microsoft Ofﬁce Excel, a software
package chosen because of its widespread use, its ﬂex-
ibility to perform calculations, and ability to produce
graphs.
Prepilot work was undertaken to identify the most
appropriate approach to eliciting opinions about the
Box 1 Model parameters where expert opinion
was required
Proportion of HCM population at low/medium
risk of SCD.
Transition from low/medium to high risk of SCD
over a patient’s lifetime
Detection of high-risk mutation carriers by the
cardiology services
Detection of low-/medium-risk mutation carriers
by the cardiology services
Effectiveness of implantable cardioverter
deﬁbrillator in the prevention of SCD in high-
risk HCM patients
Effectiveness of amiodarone (drug therapy) in
the prevention of SCD in high-risk HCM
patients
Sensitivity of the genetic diagnostic test
Speciﬁcity of the genetic diagnostic test
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shape of the distribution. The parameters of interest
involved a Bernoulli process, which refers to a proba-
bilistic experiment that can have one of two outcomes,
for instance, patient dies or survives, sample is positive
or negative for disease. A further example of a Ber-
noulli process in a model could be the risk of death in
the 5 years after disease diagnosis. While it is possible
to use a very simple elicitation technique to obtain
expert opinion, for example, asking experts the mode
and lower and upper estimates, this type of approach
provides very limited information about the distribu-
tion of uncertainty surrounding parameters. A number
of alternative techniques for quantifying a Bernoulli
process have been suggested and tested in the literature
and overall the quantile method has generally been
found to yield a higher relative dispersion of the dis-
tribution (i.e., higher variance) compared with the
other methods, perceived clarity of use and consistency
in a betting situation [6,8,20]. With the quantile
method (ﬁxed interval method), the range of values
that the parameter can take is elicited from the experts
and divided into intervals by the study analyst. For
each interval, the expert is then asked to provide the
probability that the value will be contained in that
interval.
There are different ways in which the quantile
method can be applied in practice. Therefore, we used
a dummy question on colleagues within the Depart-
ment of Public Health (University of Oxford) to
perform a prepilot and explore three alternative
approaches. The group included health economists,
other health service researchers, and administrative
staff. The question asked was designed to capture indi-
vidual’s beliefs about the distribution of uncertainty
surrounding the probability that London would host
the 2012 Olympic games, before the announcement of
the competition results. The unknown parameter of
interest was the probability of hosting the Olympic
games.
For all approaches, our colleagues were asked to
provide the lowest (L) and highest (H) possible value
of the probability of London hosting the Olympic
games and the most likely value (M) as shown in
Figure 1. If an inconsistency occurred, for example, M
being higher than H, the software instantly informed
the individual. Next, an illustration of these estimates
was presented and if the individual felt that it failed to
represent their beliefs they were encouraged to alter
their initial values.
The participants were then asked to provide prob-
abilities for the quantity lying within certain intervals:
again, if inconsistencies occurred (e.g., probabilities
not summing to one), Excel alerted the participants.
Once all probabilities were imputed, individuals were
shown a histogram derived from their estimates and
asked whether it represented their beliefs. If the histo-
gram failed to represent their beliefs, participants
could easily clear the data and start again.
Three alternative methods for presenting intervals
of the distribution were tested in this prepilot (see
Fig. 1 and Appendix A for details of formulas used for
calculating the intervals):
Six complementary intervals method. Based on the
work of Phillips and Wisbey [10], our colleagues were
presented with six complementary intervals. These
→ 20 %
→ 60 %
→ 50 %
1. Between 20 and 50 → % 1. Between 20 and 23 → % 1. Between 20 and 35 → %
2. Between 20 and 35 → % 2. Between 23 and 40 → % 2. Between 35 and 50 → %
3. Between 55 and 60 → % 3. Between 40 and 50 → % 3. Between 50 and 55 → %
4. Between 20 and 43 → % 4. Between 50 and 53 → % 4. Between 55 and 60 → %
5. Between 53 and 60 → % 5. Between 53 and 57 → %
6. Between 57 and 60 → %
What is the probability that London will host the 2012 
Olympic games?
What is the lowest likely value?
What is the highest likely value?
What is the most likely value?
Think of a range of values from 0 to 100% to represent this 
value.  
Six complementary intervals Four complementary intervals
What is the probability of your estimated value 
lying in the following intervals?
What is the probability of your estimated value lying in 
the following intervals?
What is the probability of your estimated value 
lying in the following intervals?
Overlapping intervals
Figure 1 Approaches tested to capture people’s beliefs about the distribution of uncertainty.
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were built automatically using a formula to divide the
initial distance between each extreme value ([L] and
[H]) and the most likely value (M) into three equal
parts. Participants were asked to enter the probability
that their estimated value was within each interval
range.
Overlapping interval method. Based on the work of
O’Hagan [21], this method uses intervals that overlap
and are wider than the above method. This enables the
estimation of six probabilities from the ﬁve elicited
intervals.
Four complementary intervals method. This is a sim-
pliﬁed version of the “six complementary intervals”
method whereby only four complementary intervals
were used.
Participants reported that with six complementary
intervals the ranges were very narrow making the task
extremely difﬁcult. Similarly, with the “overlapping
interval” method colleagues had considerable difﬁculty
completing the task. Participants experienced confu-
sion when assigning probabilities to intervals that
overlapped, and reported that the resulting histogram
rarely represented their beliefs. In contrast, partici-
pants felt that the “four complementary intervals”
method was much easier to complete and more accu-
rately represented their beliefs. This third approach
was therefore adopted in our applied survey.
Applied Study Survey Design
We developed two questionnaires to elicit expert
opinion on the likely values of eight parameters where
data were lacking in our decision-analytic model. The
ﬁrst questionnaire was for genetics experts (clinical
geneticists and molecular genetic scientists) and com-
prised two questions about the accuracy of the genetic
test; the second was for cardiologists and contained the
questions on the natural history of disease and treat-
ment effectiveness (see Appendix B for example ques-
tions). Each question asked the experts to assess only
(hypothetical) observable quantities which they should
be familiar with as, for example, the number of HCM
patients detected by the cardiology services over a
5-year period. This approach avoided the need for the
clinical experts to understand the decision model or to
elicit moments of a distribution (e.g., variance, stan-
dard deviation, mean, etc.), which individuals have
proven poor at [6,7]. All relevant covariates, such as
the time frame and/or patient characteristics (e.g., age,
HCM status), were explicitly reported in each question
to help the experts understand what was being elicited.
The “four complementary interval” elicitation
method was then employed to identify the distribution
of uncertainty around each parameter. Each question-
naire was piloted with a clinical genetics colleague,
whose comments were incorporated into the ﬁnal
questionnaires. Figure 2 shows an example of the user
interface for one of the clinical questions.
In addition, in order to capture the basis of their
beliefs, the experts were asked what their answer was
based on (using a free text box). Such information was
considered useful because it revealed the sources of
evidence considered and how these were interpreted; it
also encouraged experts to state their current level of
knowledge.
Proportion of HCM patients at low/medium risk of SCD transiting to high risk of SCD
A B
Low/medium risk: HCM patient with none or one risk factor
→ 5
→ 30
→ 15
C D
 Notes -  Does the histogram correctly represent your beliefs? 
If you do not agree with the outcome please press "Clear all" and start again.
Note - All intervals below must have a probability above 0% and sum up to 100%
Between 5 and 10 patients → 15 %
This means that the probability of the value being between  10  and  30  is  85%
Between 10 and 15 patients → 40 %
The probability of the value being between  15  and  30  is now  45%
Between 15 and 22.5 patients → 30 %
The probability of the value being between  22.5  and  30  is now  15%
Between 22.5 and 30 patients → 15 %
Allocate the probability of the number of patients transiting from low/medium risk 
(age 18) to high risk (age 50) being between the following intervals
Distribution reflecting the number of patients at low/medium risk of SCD at 18 transiting 
to high risk of SCD at age 50
Low/medium risk: HCM patient with none or one risk factor
What would be the lowest possible number?
What would be the highest possible number?
What would be the most likely number?
If 100 HCM patients were stratified as low/medium risk at 18, how many would be 
classified as high risk at age 50?
0
0.01
0.02
0.03
0.04
0.05
0 7 13 20 26 33 39 46 52 59 65 72 78 85 91 98
Clear all View Estimates 0 20 40 60 80 100
Most likely value
Lower and upper bounds
Figure 2 Example of survey question. HCM, hypertrophic cardiomyopathy; SCD, sudden cardiac death.
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Identiﬁcation and Selection of Experts
Because the prevalence of HCM and DNA technolo-
gies in the laboratories may differ across countries,
only those UK-based experts were considered. We
deﬁned “expert” as someone that has specialist knowl-
edge about the subject that we are interested in elicit-
ing opinion about. Twelve leading experts working
with HCM populations and DNA technology were
identiﬁed by advice from our clinical colleagues in
Oxford and invited to participate in the survey. The
main selection characteristics were recognition by their
peers, clinical experience with the subject matter, and
being widely published. The experts were based in a
mix of teaching and nonteaching institutions, with
their specialties being in cardiology, genetics (or both),
and molecular science. Six cardiologists and six clinical
geneticists formed our expert sample, many of whom
had international working experience. These experts
were chosen from different areas of the UK to capture
different patient populations and avoid eliciting opin-
ions from people with very similar experiences (i.e.,
same group of patients).
Expert Elicitation
The experts were sent an email explaining the goal
of the questionnaire, and how their input would help
the construction of the HCM cost-effectiveness model
(more information was made available if required).
Attached to the email were instructions (in MS Word)
for completing the questionnaire and a copy of the
actual questionnaire (in Excel).
Respondents were asked to print the instructions
before opening the questionnaire to enable them to
read the instructions and complete the questionnaire
simultaneously. Once the elicitation was completed,
the experts were asked to save the ﬁle and return it to
the authors (via email).
In order to help us gain an insight into how the
experts were likely to interpret the questionnaire, we
performed individual elicitation sessions with one car-
diologist and two geneticists. The experts were briefed
on the goals of the study, introduced to the question-
naire software, and we provided assistance by clearing
up any misinterpretation of the questions, while being
careful not to inﬂuence the expert’s results but rein-
force our interest in their own opinions.
Once the questionnaires were returned, the experts
were sent a feedback form asking about the ease and
time necessary for questionnaire completion. The
format and content of the questionnaire were classiﬁed
on a scale of 1 to 5, where 1 was very easy and 5 was
very difﬁcult.
Combining Expert Opinions
For this study, it was necessary to combine the indi-
vidual opinions of experts so that they could be used in
our genetic cost-effectiveness model. Their individual
distributions were combined using the linear opinion
pool method proposed by Stone [22]:
T p p w pn i i
i
n
1
1
, . . . ,( ) =
=
∑
where n is the number of experts, pi is the expert i’s
probability distribution for the parameter of interest,
the weights wi are non-negative and sum to one, and
T(p1, . . . , pn) represents the summary of the pi’s.
For our study, it was perceived that there was little
justiﬁcation for applying different weights to the dif-
ferent experts: as DNA testing in HCM is still a very
new clinical area, our experts had similar exposure
to information on the testing and we had no further
evidence to assign different weights. Therefore, the
experts were considered to be equal and the linear
opinion pool became a simple arithmetic average.
Fitting Smooth Functions to the Histograms
As the purpose of this exercise was to obtain the
opinion of experts concerning the uncertainty in the
required model parameters, we could have directly
imputed the combined histograms in the model and
performed PSA. Nevertheless, the nature of the histo-
gram leads to the same probability being given to all
values in a certain interval. Hence, a smooth distribu-
tion was considered to be a more realistic way of
representing the expert’s opinions, as it allows differ-
ent probabilities for each possible point estimate and
avoids abrupt variations from one point to another
[21]. Appropriate parametric distributions were then
chosen [2] and assigned using maximum likelihood
ﬁtting [23]. Their goodness of ﬁt was evaluated by
drawing the probability density function curve and
histogram together. Finally, these distributions were
introduced in our decision-analytic model, and the
uncertainty around the results was quantiﬁed.
Results
Response Rate and Feedback
Seven out of 12 experts (58%) returned the survey, with
six managing to complete all questions and provide
adequate answers (50%). That is, all probabilities for a
given parameter added to one, no expert reported dis-
agreeing with the numerical and graphical feedback of
how their statements looked and logical responses to
questions were provided such as individuals at high risk
of SCD being reported as having at least an equal if not
higher probability of being detected compared with an
equivalent number of low-/medium-risk individuals.
Three cardiologists and three geneticists completed the
survey. The seventh expert reported being unable to use
the software, and did not complete the questionnaire.
Four feedback forms were returned and the format
of the elicitation tool was reported to be easy to use
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and take less than an hour to complete (cardiology
questionnaire required more time than the genetics
questionnaire). When asked about how easy it was to
complete the questions, most experts reported that
they found some of the questions fairly difﬁcult to
answer. Nevertheless, they all stated that this was due
to the uncertainty in the clinical area, rather than how
the questions were asked.
Elicited Parameters
In total, data were obtained on eight parameters using
these surveys. As the results were similar across param-
eters, here we present the elicitation results for one
single parameter as an illustration (information on
the results from other parameters can be obtained on
request from the authors). For this parameter, the pro-
portion of HCM population at low/medium risk of
SCD (Fig. 3), the experts provided a variety of different
values for the same question. This may reﬂect some
degree of complementary beliefs, suggesting that their
opinions arise from different experiences. The experts
reported that the basis for their estimates was either
data from their own center, literature interpreted in the
light of their own clinical experience, or simply clinical
experience.
The histograms resulting from each expert elicita-
tion were combined using the simple arithmetic
average, and are presented in Figure 3 (under “Com-
bined”). The combined histogram suggested that a
beta distribution would represent the data best. As
such, a ﬁtted beta distribution together with the origi-
nal combined histogram is presented in Figure 4.
The elicited parameters were introduced in the
decision-analytic model, and the cost-effectiveness of
the different model strategies for diagnosing HCM was
estimated together with the uncertainty around it.
Discussion
In economic evaluation, decision-analytic models are
increasingly used to examine the cost-effectiveness of
health-care interventions. A lack of readily available
observed evidence has meant that expert opinion is
commonly used in these models. Analysts often simply
elicit expert opinion on the mean or median values for
the parameter of interest and sometimes the minimum
and maximum values. Potentially, parametric distribu-
tions could be ﬁtted to these values and assumed to
represent the expert’s beliefs. Nevertheless, a key limi-
tation of this approach is that it provides insufﬁcient
data about the expert’s belief to examine whether the
distribution is appropriate. In addition, the increasing
use of PSA in decision models requires the correct
representation of the uncertainty in model inputs.
Hence, the rationale for our work was the need to be
explicit and structured about how expert opinion was
obtained to inform a probabilistic model.
Relevant reviews have been published about the
elicitation of experts’ beliefs [6–8] as well as some
applied work in other areas than health-care decision
modeling [9–14]. Nevertheless, eliciting opinions in
health care remains a theoretical and practical chal-
lenge that requires further research.
This article has presented the results of a method-
ological study, which designed a simple questionnaire-
based tool using an Excel spreadsheet for eliciting
experts’ opinions. The software included graphical
feedback so that the experts could immediately see the
distributions deﬁned by their estimates and make
instant reﬁnements if required.
0
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0 7 13 20 26 33 39 46 52 59 65 72 78 85 91 98
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0 7 13 20 26 33 39 46 52 59 65 72 78 85 91 98
0
0.005
0.01
0.015
0.02
0.025
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0 7 13 20 26 33 39 46 52 59 65 72 78 85 91 98
0
0.002
0.004
0.006
0.008
0.01
0.012
0.014
0 7 13 20 26 33 39 46 52 59 65 72 78 85 91 98
Expert 2 
Expert 1  
Combined 
Expert 3 
Proportion of HCM patients at 
low/medium risk of SCD 
Figure 3 Display of elicited experts’ beliefs about one model parameter.
HCM, hypertrophic cardiomyopathy; SCD, sudden cardiac death.
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The survey achieved a reasonable response rate,
logical answers, and was generally rated as easy to use
and all respondents completed the survey in well under
an hour. The respondents found some of the questions
difﬁcult to answer. Nevertheless, this was attributed to
difﬁculties in answering the clinical question itself as
opposed to difﬁculties with using the survey instrument.
The parameters we were interested in eliciting
expert opinion about involved a Bernoulli process (i.e.,
binary outcomes), which is very useful to model prob-
abilities, risks, prevalence, and odds of health events.
Nevertheless, our method could potentially be used to
describe the uncertainty about parameters deﬁned by
other processes, such as Poisson/gamma processes for
resource use/cost data, as we are eliciting the distribu-
tion of (hypothetical) observations and placing no
parametric constraints on neither the elicitation proce-
dure nor the results.
In terms of the potential limitations of this work, in
some ways our approach was crude in respect to the
distribution that the experts had to describe only being
divided into four intervals. In the literature, other
authors using the “quantile method” have elicited extra
probabilities or quantiles (up to 12), either using con-
secutive intervals or overlapping intervals [10,21]. Nev-
ertheless, our prepiloting (Olympic games question for
colleagues) highlighted that respondents found both of
these methods very time-consuming and difﬁcult to
undertake; therefore, we reduced the intervals to four,
aswe anticipated that the clinical questionswe intended
to ask would be more complicated than this simple
prepilot question and hence more difﬁcult to answer.
Undoubtedly, there is a trade-off between the com-
plexity of the elicitation technique and practicality
for obtaining responses that truly reﬂect the expert’s
beliefs. This discrepancy between their “true” beliefs
and their elicited distributions is inﬂuenced by the way
in which experts assess the information provided and
how their answers may be affected by likely sources of
bias [6,8,24,25]. In this article, we have only consid-
ered quantile methods because they are thought to
perform better than other methods [6,8,20]. Neverthe-
less, further research is required to accurately deter-
mine which elicitation methods (and variations) may
perform better in the context of health. In addition, we
do not suggest that the elicited distributions are neither
the only correct representation of what the expert
actually believes or that their judgment is error free.
However, others perceive that if the expert is
able to use the survey and believes that the graphical
feedback reﬂects a satisfactory approximation of his
beliefs, then this is a useful method [7].
A further potential limitation of our study was that
we only report results from three experts per question-
naire. This is partly because the number of individuals
with relevant expertise in this genetic area is very
limited. Nevertheless, we contacted individuals
working with different HCM populations to avoid
eliciting highly correlated opinions (i.e., informed
experts who do not differ in the way they may think
about the question) and to be able to average out any
consistent tendency of a particular expert to overesti-
mate or underestimate their opinion (i.e., bias). Also,
such small numbers may not be too problematic
because it has been suggested in the literature that it
is not necessary to have a large number of experts
because of diminishing marginal returns associated
with large number of experts, and most beneﬁt is sug-
gested to occur with the ﬁrst three to four experts
[5,26]. Hence, in any ﬁeld the main focus should be
on selecting and contacting experts with different
opinions/experiences rather than on seeking large
number of individuals with the same/similar opinions
[27]. Further work is required to test appropriate
sample sizes in health care.
We would also have preferred for one of the
research team to have been present during the elicita-
tion to provide experts with software training and
clarify any issues. Unfortunately, in this case study, this
was not possible to do with all the experts because of
time and geographic constraints. Instead, some experts
were sent the questionnaire via email. While those that
did respond to our survey managed to complete the
questionnaire, a number of experts failed to respond.
Potentially, we could have used some form of
weighting to reﬂect different knowledge levels between
experts. Indeed, techniques for weighting and calibrat-
ing the opinions of different experts are available in
the literature [8]. Nevertheless, in the absence of any
relevant empiric data known to us (but unknown to
the expert) and because the DNA test being examined
0.5 0.6 0.7 0.8 0.9 1.0
0
1
2
3
4
5
Proportion at low/medium risk
Proportion of HCM patients 
at low/medium risk of SCD 
Figure 4 Fitting distributions to combined elicited beliefs. HCM, hyper-
trophic cardiomyopathy; SCD, sudden cardiac death.
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was so new, we felt that there was no clear justiﬁcation
for weighting our experts differently.
There are a number of more complex mathematical
methods than the linear opinion pool for combining
opinions [5,8,28]. Nevertheless, it is not clear from the
literature whether more complex approaches actually
perform better in practice than simpler approaches [5].
In this article, we have used individual elicitation
methods in line with recent guidelines for health-care
decision modeling [4]. An alternative would have been
to have used forced consensus methods (e.g., Delphi,
Nominal Group Technique, etc.). Nevertheless, a
recent review concluded that during the aggregation of
expert opinion there are no clear beneﬁts of interaction
(i.e., forced consensus) over no interaction (i.e., indi-
vidual elicitation methods) despite its intuitive appeal
[5]. Hence, there is a lack of strong support for con-
sensus methods, and issues such as the need for exten-
sive facilitation during the elicitation to avoid group
polarization [29], the difﬁculty of convening experts
from different parts of the country at a time and place
suitable for all, and the reality that a distribution
obtained through consensus is still based on individu-
als’ beliefs, may not justify the effort and cost over
eliciting experts’ opinions individually. Nevertheless,
there may be additional beneﬁts from the exchange of
information between experts, before the individual
elicitation itself, about potential sources of evidence to
be considered and the deﬁnitions/assumptions of the
questions posed to them.
In terms of further research, attention needs to be
devoted to formally comparing our elicitation tool
with other complex approaches of eliciting experts’
beliefs. This is a challenge in itself because to deter-
mine the accuracy of different approaches, we need to
compare the elicited beliefs with the “true” beliefs of
the individual, for which methods are yet to be devel-
oped to do. Nonetheless, there is scope to explore
different ways of eliciting distributions from individual
experts and to evaluate the additional beneﬁt of com-
bining these [26]. Furthermore, our experience in this
project has highlighted that more formal qualitative
assessment of our survey could have been useful. As
such, we are incorporating a debrieﬁng aspect into our
ongoing research using this elicitation tool and explic-
itly asking nonresponders for their reasons for not
responding. Finally, we are focusing on the identiﬁca-
tion and development of methods to further test both
the validity and reliability of the elicitation tool, as
well as evaluating ways of incorporating a histogram
smoothing function into the tool.
Conclusion
Health economists often rely on eliciting expert
opinion when populating decision-analytic models.
Increasingly, we also need to understand the distri-
bution of all parameters to conduct probabilistic
sensitivity analyses. The unstructured and implicit
approach to eliciting expert opinion in decision models
fails to allow the uncertainty in evidence to be cor-
rectly and fully represented. As such, this article pro-
vides a practical way forward in eliciting expert
opinion and highlights some of the challenges in fol-
lowing approaches suggested in the theoretical litera-
ture. Additional research is required to further test and
reﬁne this simple elicitation tool. Nevertheless, the tool
goes some way toward providing a bridge between the
theoretical literature and what is practical for use in
health-care decision models and will hopefully be of
use to other researchers facing the need to use expert
opinion in their models.
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Appendix A
During the prepiloting of the elicitation tool, our col-
leagues were ﬁrst asked to provide the lowest (L) and
highest (H) possible value of the probability of London
hosting the Olympic games, as well as the most likely
value (M). They were then asked to provide probabili-
ties for the quantity lying within certain intervals. We
tested three alternative methods for presenting the
intervals.
In the “six complementary interval” method, the
individual was asked to provide probabilities for
the following six intervals:
1. [L, (L + M)/3]
2. [(L + M)/3, (L + 2M)/3]
3. [(L + 2M)/3), M]
4. [M, (2M + H)/3]
5. [(2M + H)/3, (M + 2H)/3]
6. [(M + 2H)/3, H]
In the “overlapping interval” method, the intervals
were constructed according to the following formula:
1. [L, M]
2. [L, (L + M)/2]
3. [(M + H)/2, H]
4. [L, (L + 3M)/4]
5. [(3M + U)/4, U]
Finally, in the “four complementary interval” method,
the individual was asked to provide probabilities for
the following intervals:
1. [L, (L + M)/2]
2. [(L + M)/2, M]
3. [M, (M + H)/2]
4. [(M + H)/2, H]
Appendix B
We present below the information provided to the
experts regarding the elicitation question about the
proportion of HCM population at low/medium risk of
SCD.
Aim: Establish the proportion of HCM patients
at low/medium risk of SCD in the whole HCM
population.
Background: The predictive clinical features of
high-risk patients for SCD are the following:
• Family history of multiple SCD;
• Unexplained syncope;
• Flat or hypotensive blood pressure response
during upright exercise;
• Nonsustained ventricular tachycardia during
Holter monitoring;
• Severe hypertrophy (>30 mm).
A HCM patient may be considered at high risk of SCD
with two or more of the above risk factors, at medium
risk with one risk factor, and at low risk with no risk
factor.
Question: Out of 100 HCM patients, how many
would be classiﬁed as low/medium risk of SCD?
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